As it is crucial to protect the transmission line from inevitable faults consequences, intelligent scheme must be employed for immediate fault detection and classification. The application of Artificial Neural Network (ANN) to detect the fault, identify it's section, and classify the fault on transmission lines with improved zone reach setting is presented in this article. The fundamental voltage and current magnitudes obtained through Discrete Fourier Transform (DFT) are specified as the inputs to the ANN. The relay is placed at section-2 which is the prime section to be protected. The ANN was trained and tested using diverse fault datasets; obtained from the simulation of different fault scenarios like different types of fault at varying fault inception angles, fault locations and fault resistances in a 400 kV, 216 km power transmission network of CSEB between Korba-Bhilai of Chhattisgarh state using MATLAB. The simulation outcomes illustrated that the entire shunt faults including forward and reverse fault, it's section and phase can be accurately identified within a half cycle time. The advantage of this scheme is to provide a major protection up to 99.5% of total line length using single end data and furthermore backup protection to the forward and reverse line sections. This routine protection system is properly discriminatory, rapid, robust, enormously reliable and incredibly responsive to isolate targeted fault.
Introduction
As electric power system encompasses comprehensive interacting elements, there is a chance of occurring faults or unwanted short circuit conditions for all time. The flow of heavy currents due to short circuits causes damage to the equipments and other elements of power system [1] . Precise differentiation of faults and exact indication of fault type are the two key aspects for protecting the transmission line from various disturbances, faults and their consequences. Distance relay is one of the universal short circuit protection schemes in a transmission line which performs both primary and backup protection. Primary protection is as quick as possible with no time delay whereas back up protection is operational merely if primary relay fails. Various protecting zones are provided through distance relay based on the percentages of line impedances. The conventional distance relaying scheme usually provide protection to only 80% of the line in Zone 1, Zone 2 covers 120% of line and Zone 3 is set to cover the longest remote line. It is set up to operate with a twice time delay of Zone 1. Performance degradation occurs due to several circumstances like fault-path resistance, remote in-feed currents, and shunt capacitance [2, 3] .
Easy identification of the fault which might have been occurred in the transmission line can be achieved by an intelligent expert like ANN [4] . Diverse protecting mechanisms of transmission lines have been proposed earlier to detect and classify fault utilizing high frequency noise generated by fault and NNs [5] , initial current travelling wave technique [6] , wavelet transform [7] , wavelet fuzzy combined approach [8] , high speed protective relaying using ANN architecture and digital signal processing concepts. [9] , modular yet integrated approach using modified Kohonen-type neural network [10] , combined supervised and unsupervised neural network with ISODATA clustering algorithm [11] , RBF NN with OLS learning method [12] and Combined fuzzy neural network [13] [14] [15] [16] wavelet analysis and ANN [17] [18] [19] , ANN Approach [20] [21] [22] [23] [24] [25] . However these techniques did not identify the fault direction and section. Besides there are other techniques developed for fault detection and location using ANNs [26] [27] [28] [29] , Thevenin equivalent impedance and compensation factor [30] , Clarke Concordia transformation, eigen value approach and NN [31] , Kohonen network approach [32] , Radial basis neural network [33, 34] and synchronized phasor measurement units (PMU) [35, 36] . However these techniques did not identify the fault type, fault direction and the faulty section. In some of the ANN based directional relaying techniques the fault types and the fault phases haven't been classified [37] [38] [39] .
Presence of variety of intelligent techniques available for protecting the transmission line is still having certain issues which limit their applicability. This paper primarily aims to develop an efficient protection technique based on ANN with improved first zone reach setting and detection of fault is accomplished within half cycle of time. Thus, this paper has two key objectives: firstly to detects and classifies the fault and secondly to identify the zone of fault and the direction (whether it is forward or reverse fault). Effect of variation in different fault parameter like fault types, locations, inception angles, resistances were also exemplified here. As in this scheme, only single end data used, so there is no need of communicating link for remote end data.
Power system under study
An existing 400 kV transmission line network of Chhattisgarh linking two utilities NTPC and CSEB has been considered. The power system network has two line sections of total length 216 km (NTPC, Korba -17 km-CSEB, Korba West -199 km-Khedamara, Bhilai). The power system network of Chhattisgarh State Electricity Board (CSEB) under study consist of 400 kV, 50Hz single circuit three phase transmission line of length 216 km as shown in single line diagram in Fig. 1 . At Bus-1, four generating station of 500 MW and three generating station of 210 MW of NTPC Korba are connected which transfers power to BhilaiKhedamara 400 kV grid at bus B4. At bus-2, two generating station of CSEB Korba West of 210 MW are connected through a 17 km transmission line. Thereafter the power is transferred through 199 km transmission line to Bhilai-Khedamara 400 kV grid at bus-3. Another three phase source of 400 kV, 50Hz is connected to bus-3 for simulating the remote end infeed which also represents the thevenin equivalent source of the interconnected grid. The proposed relay is situated at bus-2, so that directional relaying principle can be employed by considering the section-2 of 199 km length as primary section to be protected and section-1 of 17 km length as reverse line section as seen by the relay. Various types of shunt faults were simulated using three phase fault breaker. 
Methods
Proposed ANN based fault detector, section estimator and fault classifier
The proposed scheme deals with protective relaying tasks including fault section estimation and classification. Two ANNs have been designed, one for classification and other for section estimation. With the help of these networks, detection and classification of all 10 shunt faults, its section/zone and direction can be assessed by the using merely one terminal data. The simulations were conducted concerning different power systems and fault conditions for representing the robustness of the proposed scheme.
Performance evaluation of the current study has been carried out using the MATLAB software. A transmission line (400 kV) of length 216 km sectionalized in two zones fed from both the ends as described in the previous section has been chosen for this work. Various kinds of shunt faults which may occur in transmission line in each section are LG, LL, LLG and LLL. These faults were simulated in a preferred power system model developed by using MATLAB software. The 3-phase voltage and current were measured at bus-2. These signals were sampled at 1 kHz and then passed through analog filter. The analog filter is a Butterworth low pass filter of order 2 with pass band edge frequency (480 Hz) for removing higher order harmonics from the signal. Later, one full cycle recursive DFT was used for calculating the fundamental components of voltage and current. Then these signals were normalized in range -1 to +1 and fed to ANN for training, testing and validation. The flow chart for proposed absolute protecting scheme based on ANN was presented in Fig. 2 .
The design process of the ANN based relay goes through the following steps: a) Selection of inputs and outputs for ANN. b) Simulation of different fault cases to form training and test data sets. c) Architecture and training of ANN with appropriate training data sets.
Selection inputs and outputs for ANN
The deviations of the computed voltages and currents signals in the time domain are extremely perceptible and specific under verity of fault circumstances. Designing a fast and reliable ANN based relay concerns about the variations of current and voltage signals before and after the incidence of fault. When faults occur, diverse frequency components of signals appear, and the DC magnitude is attenuated according to the progression of time. In addition, a number of non-fundamental frequency components altered for different fault locations. As the performance of ANN depends upon the input and output characteristics, so, it is essential to preprocess and extract the useful features from the input data to train the ANN. The three phase instantaneous voltage and current signals were presented in Fig. 3 during AG fault at 5 km in Section 2 at 61 ms time with fault resistance 0.001Ω. After 61 ms time, the faulty phase current starts increasing and voltage signal starts decreasing in magnitude. Figure 4 shows the fundamental components of voltage and current signals after preprocessing with DFT. The inputs to the network were selected as the magnitudes of the fundamental components (50 Hz) of 3-phase voltages and currents assessed at the relay location at single end of the line. Therefore, the total inputs to ANN to detect & classify fault, and estimate fault sections are six as presented in Eq. (1). Post fault samples (10) 
There are 2 outputs corresponding to the two sections S1 and S2 in the fault section identification module of ANN. Thus, the faulty section can be identified as shown in Eq. (3). Output of each section is '0' if no fault or '1' if there is fault.
In addition, the fault type as well as the faulty phase selection was determined by the fault classification module of ANN. Fault classification module has two networks one for fault phase identification and one for ground identification. Thus, the 3-phases and neutral were considered as outputs given by the network for determining the faulty phase (A, B, C and G) presented in the fault loop. Depending on the fault kind occurring in the system, outputs must be '0' or '1'. Hence the fault classification outputs of network were shown in Eqs. (4) and (5) 
Simulation of different fault cases to form training and test data set MATLAB. DFT coefficients were applied as input to feed forward NN with Levenberg-Marquardt (LM) training algorithm to discriminate the fault, classify and also to identify the zone of faults. A large variety of fault cases have been studied using different parameters like fault inception angle/time, location, resistance, ground resistance, and fault types (LG, LLG, LL and LLL). Different fault parameter variation employed for training and testing the ANN was presented in Table 1 . Fault sections Section-1 (S1) and Section-2 (S2) section-1 (S1) and section-2 (S2)
Fault type
LG (AG, BG, CG), LLG (ABG, BCG, ACG), LL (AB, BC, CA), LLL (ABC)
LG ( Architecture and training of ANN with appropriate training data sets
After selecting the inputs and outputs for ANN, the number of layers and the number of neurons per layer were determined. Neuron numbers in hidden layer was decided by random investigation of 5, 10,…., 20 neurons. Then the transfer function was decided from the commonly used functions for instance, logsig, tansig, purelin, satlin etc. Different variations of fault scenarios were considered throughout the training process to make the ANN to learn accurately the fundamental problem and can respond accordingly. All the 10 types of shunt faults including LG, LLG, LL, and LLL have been simulated in the two sections of line (between 0-100% of line length) at 328 different fault locations with varied fault resistance (0,20,40,60,80 and 100 Ω) and fault inception angles (0 to 360°). The overall fault cases utilized for training and testing are 1380 and 9848 respectively. Several networks with a number of neurons in their hidden layer were trained with Levenberg-Marquardt (LM) algorithm. From earlier studies, it was observed that the ANNs trained with the LM algorithm bestow improved outcomes as compared to the outcomes of the ANNs trained with the Back propagation (BP) algorithm. The LM, a nonlinear least square algorithm utilized for the learning purpose of multilayer neurons. Therefore, the LM training algorithm is used for this purpose. Total fault samples taken for section identification are 5082. It has been observed that the neural network was having 6 neurons in input, 20 neurons in 1 st hidden layer, 20 neurons in 2 nd hidden layer and 1 neuron in output layer all comprising of "tansig" activation function for ANN based fault detector (6-20-20-2) can able to minimize the mean square error (mse) to an ultimate value of 0.00000989. Total fault samples taken for fault phase identification are 4089 and corresponding to the input samples target is assigned. ANN network is trained using 2 hidden layers with 20 neurons in each layer as like as fault section identification training network. In the learning process of the network, the mse reduces in 94 cycles to 0.000000968. Total fault samples taken for ground identification are 4085. ANN network is trained using 2 hidden layers with 12 neurons in 1 st layer and 10 neurons in 2 nd layer. Here hyperbolic tangent sigmoid transfer function (tansig) and Levenberg-Marquardt algorithm were used. This network with 2 hidden layers is able to minimize the mse to an ultimate value of 0.000000979. The learning approach converges fast and through learning the mse reduces in 56 cycles to 0.000000979.
Results and discussions
There is necessity for testing of the ANN based fault section estimator and fault classifier/faulty phase identifier. This is required for identification of faults and variations in network parameters for which the network has not been trained earlier. Cases included in the validation data set are like faults nearer to protection zone boundary and high resistance faults. Testing of ANN was performed utilizing different types of faults like LG, LLG, LL and LLL in the two sections with different fault locations (L f = 0-199 km in section-2 and 1-17 in section-1), fault inception angles (Φ i = 0-360°) and fault resistance (R f = 0-100 Ω). Table 2 shows the results based upon performance analysis of the whole scheme with respect to the percentage of correct answers and the detection time for various types of fault test cases. It is evident from Table 2 that percentage of accuracy and correct answers were high and the detection time was less than quarter cycle for most of the test cases in both the cases of fault detection/section estimation and fault classification modules. It was also less than half cycle for few cases only.
Evaluations of the proposed relay operation/fault detection time and reach setting were performed at faults near boundary in the 4.1 and 4.2 respectively. Proposed scheme was also verified using various faulted conditions like faults close to boundaries with high fault resistance, changeable faults inception angles. These test results were presented in following sub-sections. 
Performance analysis
Evaluation of relay performance was done for ANN based fault detector, section estimator and classifier utilizing different fault cases based upon varied resistances, inception angles, types and locations. Performance of the scheme will be analyzed in terms of fault detection time and fault detection accuracy. Different fault resistances such as 0Ω, 20Ω, 40Ω, 60Ω and 80Ω were taken into consideration for identifying the fault, the faulty section and classification of fault. During a relay design, the key consideration was that its operation time should be less than a cycle time. In other schemes of conventional digital distance relaying, operating time is near about one cycle. In the present study we have considered ABC fault at 160 km away from bus-2 in section-2 with R f = 0 Ω, Φ i = 0°at 60 ms for evaluation of proposed relay operating time. Figure 5 depicts waveform related to output of ANN based fault section estimator for S1 and S2. Outputs were low (zero) up to 60 ms in both the sections S1 and S2 which show that there is no occurrence of fault. The output of Output S2 of ANN based section estimator, after the occurrence ABC fault at 60 ms goes high (1) at 63 ms time in comparison with other output S1, which remained low (0) and unaffected. Thus the fault is in section-2. The operating time of relay can be calculated as follows: Figure 6 depicts the output of ANN based fault classifier and faulty phase identifier during ABG fault at 180 km in Section-2 with Rf = 0Ω, ɸi = 0°at 60 ms. Fault locations of forward section are from 181 km to 198 km with 0°inception angles where fault classification takes less than a cycle of time as presented in Table 3 . In Fig. 7 , the output of ANN based phase identifier during BG fault at 183 km in Section-2 with R f = 20Ω, ɸi = 0°at 60 ms represented.
It is worthwhile to mention here that, one full cycle recursive DFT has been used for estimating fundamental components of 3-phase currents and voltages in time domain. The increase and reduction in fundamental components of faulty phase currents and voltages respectively after fault inception at 60 ms can be detected by ANN. As a result of recursive DFT which computes the fundamental components values in time domain a continuous manner, the output of proposed ANN in corresponding faulty section rises to high output (1) at 63 ms as shown in Fig. 5 .
Speed of the algorithm to detect the fault is less than quarter -half time, represents the response time of the algorithm given the test fault case input patterns to detect the fault i.e. transition of the output from no fault state (zero) to faulted state (one) after the initiation of the fault. Or in other word, quarter-half cycle samples of the voltages and currents are required to detect the fault. This speed does not account for the execution time of the simulation of the ANN algorithm using MATLAB/Simulink on a PC or workstation. Execution time of the simulation of the ANN algorithm will be affected by the computer tool i.e. either PC or workstation. Thus analysis in terms of the 
Performance during far end boundary faults with high fault resistance
In a conventional manner, the digital distance relay's first zone reach setting is typically set as 80% of line length. This resulted in incapability for instant detection of faults close to remote end bus; however they were identified after some delay based on zone-2 timings. Various types of faults with R f = 100 Ω have been simulated with changeable fault locations in step of 1 km between 180-198 km in section-2 for studying relay performance for faults adjacent to remote end bus with high fault resistance. Table 4 summarises the responses of the protection scheme for far end faults with high fault resistance, and Table 5 depicts the test results for varying fault location with high fault resistance. In most of the cases, the relay operation time is within half cycle time (10 ms), except in one case where it is 11 ms. The farthest end fault case of ABG fault at 198 km from the relay location at bus-2 with R f = 100 Ω at 60 ms was represented graphically in Fig. 8 . Hence, it is summarised that the reach of the relay is approximately 99.5% in the first zone. The proposed scheme could detect the forward faults and its zone within half cycle time in all the cases.
Impact of fault resistance
The current study based on fault classification and phase selection using ANN module was tested for different fault resistances. Different fault resistances such as 0Ω, 20Ω, 40Ω, 60Ω and 80Ω were taken into consideration for identifying the faulty phase and the type of fault and few test results for various fault resistances were demonstrated in Table 6 and Fig. 9 shows the Output of ANN based fault classifier during ACG fault at 120 km in Section-2 with R f = 20Ω, ɸi = 0 0 at 60 ms. First two plots of Fig. 9 shows the instantaneous current and voltage signals. Output of ANN based fault phase identifier become high in A, C phases and G after 64 ms, 67 ms and 63 ms time respectively. Thus the fault is classified as LLG after 7 ms from the fault inception time and the faulty phases are A, C and G. 
Impact of fault inception angle
Fault may occur at any instant of time in transmission system. So it is important that the designed scheme should work for the entire fault inception angle variation. For testing the effectiveness of method, fault inception angles between 0°-315°in step of 45°were selected by keeping the fault resistance fixed at 0Ω. Some of the test results were shown in Table 7 for several inception angles of fault cases that substantiate the aptness of this current method for varied fault inception angles. Figure 10 shows the test results of the proposed scheme during AG fault at 150 km in Section-2 with R f = 0Ω, ɸi = 135 0 at 60 ms time.
Response of reverse fault in section-1
The performance evaluation of the proposed relay for faults in the reverse direction from the relay has been carried out which was located at bus-2, that is, in S1 and outcomes were presented in Table 8 and Fig. 11 . As the fault locations are reverse faults from bus-2, so represented as negative. The relay requires maximum 4 ms for detecting the reverse fault. The proposed method is capable of detecting the reverse fault within quarter cycle of time.
Performance during variation in impedance of the source Impedance of the source determines the strength of the source, if the impedance of the source is low, it is a strong source and if it is high it is a weak source. The impedance of the source connected to either side of the transmission lines is varied to check the performance of the proposed scheme under variation in impedance of the source. The impedance of the source is varied and different types of fault at different location are tested and few test results are depicted in Table 9 . From the results, it can be seen that, the fault detection time is increases in some cases up to half cycle time however it correctly identifies the fault type and its section. Thus it is confirmed that the proposed relaying scheme is not affected by variation in the source impedance and it can detect the faulty phase and its section within half cycle time.
Test results of real time fault events
In this section, two case studies were interpreted by considering real time fault event data. We have collected data from 400 kV sub-station of PGCIL, Raipur, Chhattisgarh of two fault events occurred on After pre-processing the fault data, the fundamental components of 3-phase currents and voltages are depicted in Fig. 12 . Before the inception of fault, all the outputs of the fault detector and classifier are low (zero) and after some time of occurrence the fault, the outputs of ANN based classifier in the phase "A" and ground "G" goes high at 294 ms and 293 ms time rspectively and other outputs remains low (zero) and unaffected as exemplified in Fig. 13 
Conclusion
This paper proposes an ANN based fault detection, section identification (direction discrimination), fault classification and faulty phase selection schemes which consider the fundamental components of current and voltage signals of 3-phase as input. Proposed ANN based method was tested with huge number of fault cases by varying different fault parameters. Test results shows that proposed relaying schemes can provide primary as well as back-up protection to the forward and reverse line sections respectively. Reach setting of the relay is 99.5% and fault detection time is half cycle in most of the cases. As speed of the relay is an important criterion in directional relaying, proposed ANN based method will be efficient to use. The results based on extensive study indicate that the proposed scheme can reliably protect the transmission line against different fault situations and thus, is a potential candidate for effective protection measure. Moreover, the proposed scheme correctly identifies the faulty section and its direction when tested with real time fault events. Thus it can be implemented for protection of real power system networks as well. 
